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Abstract

Efficient text summarization, public sentiment analysis, and fake news detection have become difficult tasks due to the exponential
growth of digital content. Sentiment analysis aids in assessing trends and public opinion, while fake news detection is crucial for combat-
ing false information. To alleviate information overload, automated text summarization extracts important information from long docu-
ments. This study examines three sophisticated Natural Language Processing (NLP) models: 1) The BiLSTM-based sentiment analysis
model uses Word2Vec embeddings and bidirectional LSTM units to understand context better and classify text into positive, negative, or
neutral sentiments. 2) Followed by a sigmoid classifier, to differentiate real from fake news, the BILSTM-CNN-based fake news detec-
tion model combines a 1D CNN for spatial pattern recognition and BiLSTM for sequential feature extraction. 3) For extractive summari-
zation, the hybrid extractive-abstractive summarization model uses TF-IDF-based sentence weighting for abstractive summarization it
uses a Transformer-based encoder-decoder. The outcome is measured using metrics like BLEU and ROUGE. These models improve the
online user experience , decision-making, and misinformation detection in text mining applications.
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1. Introduction

People’s daily lives are impacted by fake news [1], which can change their opinions, feelings, and thoughts [2] and even lead them to
make bad decisions. Because posting content on blogs, news websites, and social media is simple, people now have a harder time telling
the difference between real and fake news [4]. Therefore, the issues of sentiment analysis, automated text summarization, and fake news
detection are more important than ever. All these issues revolve around extracting meaningful information from huge amounts of un-
structured text data, notwithstanding their differences. These issues are now being addressed, and how we analyze and manipulate digital
content is being transformed through natural language processing (NLP) methods.

Fake news is a gross social issue due to its ability to mislead the public, influence elections, and spread negative stereotypes [5]. False
data on social media can easily spread and reach a wide audience with minimal verification, and the implications can be fatal. Therefore,
having a system that can reliably detect fake news is crucial. Manual verification techniques are time-consuming and impractical due to
the volume of content generated online.

Automating fake news detection has shown promise with machine learning-based models, especially those that use deep learning tech-
niques [6]. These models can accurately assess news stories’ authenticity and credibility by utilizing textual features. The intricacy of
language, the range of dishonest tactics employed in fake news, and the dynamic character of disinformation, however, make identifying
fake news a difficult task.

Sentiment analysis has become a vital tool for comprehending trends, emotions, and public opinion at the same time. Because social
media platforms have so much user-generated content, companies, government and other institutions are depending more and more on
sentiment analysis to determine public sentiment and forecast future changes in society. In order to determine the emotions underlying
user comments, reviews, or news articles, sentiment analysis divides text into different sentiment categories such as positive, negative, or
neutral [7].

Organizations can make data-driven decisions, target audiences with content, and learn about customer feedback by comprehending sen-
timent. Sentiment analysis faces a major obstacle due to the complexity of human emotions, which calls for advanced models that can
recognize linguistic subtleties and comprehend context. More reliable models that can manage such complexities must be developed
because traditional sentiment analysis models frequently have trouble with irony, sarcasm, and context-dependent meanings.
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In today's world of the internet, the problem of information overload is increasing in number. Numerous types of text content, including
blog entries, research papers, social media status updates, and news articles, are uploaded to the internet daily. Because lengthy reports
contain so much information, users might not be able to efficiently absorb the most important information. This problem is addressed by
computerized text summarization, which reduces long texts into manageable logical chunks without sacrificing the most important in-
formation [8]. Extractive and abstractive summarization are the two main approaches. While abstractive summarizing creates new sen-
tences that encapsulate the content of the source material, extractive summarizing involves choosing sentences or phrases from the source
material. Due to their ability to combine the best features of both approaches, hybrid models are becoming more and more popular. They
can effectively summarize text while maintaining coherence and contextuality.

Improvements in natural language processing (NLP), specifically the use of deep learning methods, have greatly enhanced the perfor-
mance of sentiment analysis, text summarization, and detection of fake news in recent years. Using networks with Bidirectional Long
Short-Term Memory (BiLSTM) is one approach that shows promise. Text classification and sentiment analysis are two tasks involving
sequential data where BiLSTM models have shown great promise due to their ability to extract context from both past and future word
sequences. BILSTMs are a logical choice in sentiment analysis, where figuring out a sentence's sentiment usually requires understanding
the relationships between words before and after a particular point in the text.

Convolutional neural networks (CNNs) are commonly employed in image processing, but they have also been applied to text classifica-
tion tasks. CNNs aid in identifying spatial patterns in the input data when paired with BILSTM models, which enhances the model’s
capacity to discern between authentic and fraudulent news. It has been shown that CNNs and BiLSTMs work especially well together for
fake news detection, where the model must spot minute patterns and discrepancies in the text that might point to lies. These hybrid mod-
els offer a strong framework for detecting fake news by fusing the spatial pattern recognition capabilities of CNNs with the sequential
feature extraction power of BILSTMs.

Transformer-based architectures have also changed text summarization beyond these models. Transformer models such as the well-
known BERT and GPT have demonstrated superior performance in a variety of NLP tasks, including summarization. These models are
perfect for summarizing because they can understand long-range dependencies in text, which is important. After all, the main ideas of a
lengthy text are often scattered throughout. Transformer-based models can be adjusted for both extractive and abstractive summarization,
making them versatile instruments for creating concise perceptive summaries.

This paper investigates three advanced natural language processing models to address the issues of sentiment analysis, automated text
summarization, and fake news detection. Text is categorized into three groups in the first model, a sentiment analysis system based on
BiLSTM: neutral, negative, and positive. The second model is a framework for detecting fake news that is based on BILSTM-CNN,
which combines BiLSTM for sequential feature extraction with CNN for spatial pattern recognition. A Transformer-based encoder-
decoder for abstractive summarization and TF-IDF-based extractive summarization are combined in the third model, which is an extrac-
tive-abstractive hybrid summarization system.

These models are at the forefront of NLP research and have the potential to significantly improve text mining applications by improving
the detection of misinformation, providing useful data on public sentiment, and helping users navigate the overwhelming amount of in-
formation available in today’s digital world. The goal of this study is to improve digital user experiences, decision-making, and the de-
tection of false information by integrating these state-of-the-art NLP techniques.

2. Literature review

Disseminated information and the process of its dissemination create a significant challenge in quickly detecting this content, thereby
emphasizing the necessity of automatically recognizing false news. To address this, [9] introduced an automatic fake news identification
method for the Chrome environment, making the detection of fake news on Facebook feasible. Specifically, this uses a number of Face-
book account-related features in addition to several news content attributes to analyze the accounts' attributes using deep learning.

[10] Presented a CNN + bidirectional LSTM ensemble network to generate diverse information for differentiating between fake and real
news when comparing numerous state-of-the-art techniques, and to obtain new samples such as PolitiFact. Among the many cutting-edge
techniques are ensemble approaches, convolutional neural networks (CNNs), long short-term memories (LSTMs), and attention mecha-
nisms. This study creates several datasets for real and fake news articles by collecting 1356 news examples from various users via Twitter
and media websites like PolitiFact. According to the research findings, the CNN + bidirectional LSTM ensemble network with an atten-
tion mechanism achieved the best accuracy, ranging from 88 to 78%. Though not particularly encouraging, the results were satisfactory.
[11] Implemented a multimodal strategy utilizing Convolutional Neural Network (CNN) and Long Short-Term Memory (LSTM) to cate-
gorize fake news articles, which resulted in remarkable performance. We focused on a dataset containing 12 distinct categories of news
articles and employed linguistic cue techniques alongside machine learning. We categorized news based on its origin and its records (like
domain name and/or author name) with a bimodal CNN and LSTM. The model, through credible news sources, classifies trustworthy
news articles with an accuracy of 99.7% on the training set and 97.5% on the test set. Nevertheless, since fake news can still be released
on a credible domain, we had to consider additional factors such as news headlines.

In comparison to Random Forest (RF) and Passive Aggressive classifiers with and without text pre-processing, [12] computed perfor-
mance accuracy for the BuzzFeed News dataset using the suggested Naive Bayes (NB) classifier. When applied to the body feature ma-
trix without pre-processing, Naive Bayes proved to be the most successful model in predicting real news from fraudulent news with 99%
accuracy. In this investigation, the Naive Bayes classifier performed better than the Random Forest and Passive Aggressive classifiers
when combined with Gradient Boost.

[13] Suggested combining RF and SVM classification methods to increase F1-score, recall, accuracy, and precision. Additionally, the
authors analyze the performance of the hybrid RFSVM and present a comparative study of several news categories using different ma-
chine-learning models. In the realms of accuracy, precision, recall, and F1-score, hybrid RFSVM surpassed others such as Random For-
est (RF), naive Bayes (NB), SVMs, and XGBoost by 8% to 16%.

[14] Discussed the application of Transformer-based models, i.e., BART and T5, for abstractive podcast transcript summarization. Fine-
tuning the models on a massive dataset of podcast episodes, the research compares their performance on machine metrics and human
assessment. The findings indicate that BART is superior on ROUGE-1 and ROUGE-L scores, but T5 is superior on semantic meaning
preservation, indicating the relative strengths of the two models in different aspects of summarization.

[15] Presents a new fake news detection method using textual, visual, and social contextual information through Graph Neural Networks
(GNN5s) with the aid of attention mechanisms. The proposed Multimodal Fake News Detector (MFND) utilizes the intricate interdepend-
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encies among various modalities of data to improve detection accuracy. In benchmarking using FakeNewsNet and Sina Weibo, the mod-
el performs better than current methods, thereby highlighting the efficacy of multimodal integration in the fight against misinformation.
There have been various studies that have been successful in detecting misinformation, sentiment analysis, and summarizing using dif-
ferent models. There remains scope for enhancement in these tasks by integrating their strengths in a single framework. For further ex-
pansion of the previous studies, the next section discusses our approach using advanced natural language processing models such as
BiLSTM, CNN, and Transformers to analyze and summarize social media content more effectively.

3. Methodology

The proposed approach enhances sentiment analysis, fake news detection, and automated summarization by integrating Natural Lan-
guage Processing (NLP) and deep learning models. Convolutional Neural Networks (CNN), Transformer-based models and Bidirectional
Long Short-Term Memory (BiLSTM) are combined in this method to improve text classification and summarization performance. Mod-
ern word embedding methods, such as Word2Vec and Term Frequency-Inverse Document Frequency (TF-IDF) are used to train the
models on preprocessed data to extract meaningful patterns from text data.

Mathematically, given an input sequence X = (X, Xy, -..., X, ), Where x; represents tokenized words, the embeddings E(x;) are generated
using Word2Vec. The BiLSTM layer processes the sequence bidirectionally:

hf = LSTM¢(E(x,), hf_;), h? = LSTMy, (E(x), h?;,) M
Where hf and hP signify forward and backward, hidden conditions, respectively. These are concatenated to get the final representation:

he = [hf, h] @
For sentiment classification, a softmax activation function is used:

P(y|X) = softmax(Wh, + b) 3)
For fake news detection, a CNN layer extracts spatial features using a convolutional filter W,.:

fy = ReLUW¢ * hy + b.) 4)

Where * denotes the convolution operation, followed by max pooling to downsample features before passing them to a sigmoid classifi-
er. The hybrid extractive-abstractive summarization model first applies TF-IDF weighting to extract key sentences. Given a term tin a
document d, its TF-IDF score is computed as:

TF — IDF(t, d) = TF(t, d) x log (%m) )

Where N is the total number of documents and DF(t) is the number of documents containing t. The selected sentences are then passed to
a Transformer-based encoder-decoder model, which generates an abstractive summary. The final summary is evaluated using ROUGE
and BLEU metrics, ensuring coherence and informativeness.

In this case, N represents the total number of documents, and DF(t) represents the number of documents that contain t. An abstractive
summary is then produced by a Transformer-based encoder-decoder model using the chosen sentences. ROUGE and BLEU measures are
used to assess the final summary, guaranteeing its coherence and informativeness.

Figure 1 shows the BiLSTM sentiment analysis architecture. The BiLSTM-based sentiment analysis model uses Long Short-Term
Memory (LSTM) networks with bidirectional processing ability to categorize text data into positive, negative, or neutral sentiments.

Positive
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Fig. 1: BILSTM-Based Sentiment Analysis Architecture.

The input text is first preprocessed, which includes tokenization in which Word2Vec embeddings are used to translate words into numer-
ical representations. The model can comprehend contextual meaning because these embeddings capture the semantic relationships be-
tween words.

A BiLSTM layer comprising both forward and backward LSTM units receives the tokenized input after that. To ensure that the model
captures dependencies from both directions and enhances contextual understanding, the forward LSTM processes the sequence from the
past to the future while the backward LSTM processes it in reverse.

A dense layer then refines the feature representations that the recurrent units extracted from the BiLSTM output. Lastly, a softmax layer
is used to categorize the sentiment into three groups: neutral, negative, and positive.

By utilizing the power of bidirectional sequence modelling, this architecture improves sentiment analysis performance, making it appro-
priate for uses like opinion mining, social media analysis, and customer feedback assessment.

The BiLSTM with CNN hybrid model for detecting fake news is shown in Figure 2. The purpose of the BILSTM-CNN-based fake news
detection model is to efficiently extract spatial and sequential features from textual data for binary classification.
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Fig. 2: BILSTM-CNN-Based Fake News Detection Architecture.

Tokenization is used to preprocess raw text data in the input layer, and Word2Vec embeddings, which map words to dense vector spaces
while maintaining semantic relationships, are used to transform the data into numerical representations.

After that, these embeddings are sent to a Bidirectional Long Short-Term Memory (BiLSTM) layer, which reads the sequence both for-
ward and backward to help the model understand contextual meaning and long-range dependencies.

A 1D Convolutional Neural Network (CNN) is used to extract spatial features and local relationships in the text after the BILSTM layer.
The next step is a max pooling layer, which reduces dimensionality while maintaining the most important characteristics. An end-to-end
feature representation that combines sequential and spatial features is created by concatenating the outputs from the BILSTM and max
pooling layer. To classify the input as either fake or real news, this combined representation passes through a dense layer and then the
output layer's sigmoid activation function.

Figure 3 illustrates the hybrid extractive-abstractive text summarization model, which combines extractive and abstractive summarization

techniques to produce high-quality summaries.
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Fig. 3: Hybrid Extractive-Abstractive Summarization Architecture.

Preprocessing is the first step in the process, during which the input text document is subjected to necessary text-cleaning procedures like
lemmatization, tokenization, and stop-word removal. The extractive summary database is created by running the preprocessed text
through a sentence weighting algorithm that uses Term Frequency-Inverse Document Frequency (TF-IDF) to find and extract the most
pertinent sentences.

For abstractive summarization, the preprocessed text is simultaneously fed straight into an encoder-decoder model based on the Trans-
former.

Using text embeddings and self-attention, the encoder in the encoder-decoder model processes the input and extracts rich contextual rela-
tionships from the document. An autoregressive mechanism and an embedding layer are used by the decoder to generate a logical, hu-
man-like summary. By providing essential context, the extractive summary also aids in refining the abstractive summary. Lastly, the
evaluation step uses metrics like ROUGE and BLEU to evaluate the quality of the generated summary.

4. Results and discussion

This section provides the experimental results from the three NLP models: the BILSTM-based sentiment analysis model, the hybrid ex-
tractive-abstractive summarization model, and the BILSTM-CNN-based fake news detection model. Each model’s performance was
estimated using pertinent metrics, and the outcomes were compared with previous methods found in the literature.
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The proposed model’s performance is evaluated experimentally with benchmark datasets for text summarization, sentiment analysis, and
fake news detection. It is evaluated using common evaluation metrics: accuracy, precision, recall, and F1-score for sentiment analysis
and the identification of fake news; ROUGE-1, ROUGE-2, ROUGE-L, and BLEU for text summarization. The used datasets are here:
For Sentiment Analysis, Sentiment140, IMDB Reviews are used, for Fake News Detection: FakeNewsNet, LIAR dataset is used, for
Text Summarization: DailyMail dataset, CNN is used.

Tokenization, stop-word removal, and lemmatization were used as preprocessing techniques for each dataset. 20% of the dataset was
used for testing, and the remaining 80% was used for training. TensorFlow and PyTorch were used to implement the models, and the
Adam optimizer was used for optimization with a learning rate of 0.001.

4.1. Sentiment analysis
The BiLSTM-based sentiment analysis model’s performance was measured using accuracy, precision, recall, and F1-score. The model
was evaluated on a labeled dataset comprising a variety of sentiment expressions, including sarcasm and sophisticated language struc-

tures. The results are summarized in Table 1.

Table 1: Performance of BILSTM Sentiment Analysis Model

Model Accuracy (%) Precision (%) Recall (%) F1-score (%)
LSTM 83.2 81.9 82.5 82.2
CNN 85.4 83.7 84.5 84.1
BiLSTM 89.3 88.1 88.7 88.4
B Accuracy
J
s u Precision
E Recall
F1-score
LSTM CNN BIiLSTM
Models

Fig. 4: Sentiment Analysis Model Performance.

Figure 4 represents the model performance of sentiment analysis. The outcomes show that the BILSTM model outperforms conventional
machine learning models like LSTM and CNN in terms of capturing context and sentiment dependencies.

4.2. Fake news detection

Accuracy, precision, recall, and F1-score were used to assess the BILSTM-CNN-based fake news detection model. Benchmark datasets
like LIAR and FakeNewsNet were used to train and evaluate the model. Table 2 presents the effectiveness of the proposed approach.

Table 2: Performance of BILSTM-CNN Fake News Detection Model

Model Accuracy (%) Precision (%) Recall (%) F1-score (%)
Random Forest 74.8 72.6 73.4 73.0
Naive Bayes 78.1 76.5 77.2 76.8
CNN 85.2 84.3 84.8 84.5
BiLSTM-CNN 91.6 90.2 90.9 90.5
6
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Fig. 5: Fake News Detection Model Performance.

Figure 5 depicts the fake news detection model performance. From this result, it is clear that the proposed BILSTM-CNN model outper-
forms the compared models.

4.3. Text summarization

ROUGE and BLEU measures were used to assess the hybrid extractive-abstractive summarization model. The BLEU assesses fluency
and coherence while the ROUGE scores quantify the content overlap between generated and reference summaries. The findings are
shown in Table 3.
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Table 3: Performance of Hybrid Text Summarization Model

Model ROUGE-1 (%) ROUGE-2 (%) ROUGE-L (%) BLEU (%)
Extractive (TF-IDF) 453 332 42.5 38.1
Abstractive (Transformer) 51.7 37.8 47.2 41.5
Hybrid 58.9 44.1 53.4 47.3
70
60
3 50 —
7 40 1 —  mROUGE-1
=30 - —
20 - | ROUGE-2
18 . — ROUGE-L
Extractive (TF- Abstractive Hybrid BLEU
IDF) (Transformer)
Models

Fig. 6: Text Summarization Model Performance.

Figure 6 represents the text summarization of the proposed model. The deep learning models that have been suggested improve perfor-
mance on all NLP tasks, with an accuracy rate of 89.3% the BILSTM-based sentiment analysis model outperforms CNN and LSTM. The
BiLSTM-CNN fake news detection model is very good at detecting misinformation with an accuracy of 91.6%. In order to produce co-
herent summaries, the hybrid extractive-abstractive text summarization model achieves a BLEU score of 47.3% and a ROUGE-1 score of
58.9%. In general, hybrid deep learning models enhance text summarization, sentiment analysis, and fake news detection accuracy and
robustness.

5. Conclusion

Experimental results show that the suggested NLP models are effective in text summarization, sentiment analysis, and fake news detec-
tion. The BiLSTM-based sentiment analysis model outperformed CNN-based and LSTM-based models in terms of accuracy (89.3%),
demonstrating its capacity to identify contextual dependencies for sentiment classification. Similarly, the BILSTM-CNN fake news de-
tection model demonstrated the benefit of combining sequential and spatial feature extraction by outperforming conventional classifiers
with an accuracy of 91.6%. High ROUGE and BLEU scores were attained by the hybrid extractive-abstractive summarization model,
guaranteeing coherence and relevance in summary creation. These findings indicate the feasibility of more robust text mining tools in
web-based environments, but actual deployment will likely continue to encounter issues with the complexity of computation, scalability
for big data, and flexibility to support multiple languages. Future research can concentrate on maximizing model performance in low-
resource and real-time settings. The framework's practicality will be improved by adding support for multilingual and multimodal data.
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